Fire detection based on multi-temporal remote sensing data is an active research field. However, multi-temporal detection processes are usually complicated because of the spatial and temporal variability of remote sensing imagery. This paper presents a spatio-temporal model (STM) based forest fire detection method that uses multiple images of the inspected scene. In STM, the strong correlation between an inspected pixel and its neighboring pixels is considered, which can mitigate adverse impacts of spatial heterogeneity on background intensity predictions. The integration of spatial contextual information and temporal information makes it a more robust model for anomaly detection. The proposed algorithm was applied to a forest fire in 2009 in the Yinanhe forest, Heilongjiang province, China, using two-month HJ-1B infrared camera sensor (IRS) images. A comparison of detection results demonstrate that the proposed algorithm described in this paper are useful to represent the spatio-temporal information contained in multi-temporal remotely sensed data, and the STM detection method can be used to obtain a higher detection accuracy than the optimized contextual algorithm.
Introduction
Forest fires are natural ecosystem processes that have a significant impact on environment protection, ecosystem equilibria, and climate change [1, 2] . Early detection of forest fires is helpful for monitoring the high rate of fire spread, instantaneous fire radiative energy, smoldering ratio, and consequences of biomass burning for climate and ecosystem functions. Remote sensing has been widely used in forest fire detection. The use of thermal infrared images is a well-known technique to detect actively burning fires. At present, most satellite-based fire detection algorithms are based on the detection of thermal anomalies produced by the high temperatures of burning fuels in midwave infrared (MWIR) and longwave infrared (LWIR) bands. Those algorithms can be divided into single-date and multi-temporal detection methods according to the number of source images.
Single-date fire detection methods are commonly classified as either fixed-threshold or contextual algorithms [3] . Fixed-threshold algorithms regard a pixel as an active fire pixel if the brightness temperature (BT) or radiance in the MWIR and LWIR bands exceeds pre-specified thresholds [4] [5] [6] [7] . In contrast, contextual algorithms first label a pixel as a "potential active fire" with a similar series of 
HJ-1B Satellite Data
HJ-1B is a small optical satellite that is part of the "Environment and Disaster Monitoring and Forecasting with a Small Satellite Constellation (HJ-1)" project in China. The HJ-1 satellite system is dedicated to the study of ground environment changes and disaster monitoring. HJ-1B carries two charge-coupled device (CCD) cameras and an infrared camera sensor (IRS). The sensor parameters are shown in Table 1 [17, 18] . The source data used in this paper are IRS infrared data, i.e., the Near Infrared band (NIR, band 5), Shortwave Infrared band (SWIR, band 6), MWIR band (band 7) and LWIR band (band 8). Compared to the Moderate Resolution Imaging Spectroradiometer (MODIS), IRS in HJ-1B is more appropriate for detecting small and cool fire spots with finer pixel resolutions of 150 m/300 m and a temperature saturation point of 500 K. The revisit frequency of 4 days also meets the time requirement for forest fire monitoring. Wang et al. [19] statistically analyzed and compared the BTs of the HJ-1B and MODIS thermal infrared bands (band 7 vs. band 21). They found that the main BT distribution range of HJ-1B is narrower than that of the MODIS data, although it includes more random noise. 
HJ-1B is a small optical satellite that is part of the "Environment and Disaster Monitoring and Forecasting with a Small Satellite Constellation (HJ-1)" project in China. The HJ-1 satellite system is dedicated to the study of ground environment changes and disaster monitoring. HJ-1B carries two charge-coupled device (CCD) cameras and an infrared camera sensor (IRS). The sensor parameters are shown in Table 1 [17, 18] . The source data used in this paper are IRS infrared data, i.e., the Near Infrared band (NIR, band 5), Shortwave Infrared band (SWIR, band 6), MWIR band (band 7) and LWIR band (band 8). Compared to the Moderate Resolution Imaging Spectroradiometer (MODIS), IRS in HJ-1B is more appropriate for detecting small and cool fire spots with finer pixel resolutions of 150 m/300 m and a temperature saturation point of 500 K. The revisit frequency of 4 days also meets the time requirement for forest fire monitoring. Wang et al. [19] statistically analyzed and compared the BTs of the HJ-1B and MODIS The HJ-1B/IRS data used in this paper include 13 images acquired in 2009. The data were downloaded from the China Centre for Resources Satellite Data and Application website [17] . The temporal distribution of the images is shown in Figure 2 , and two BT images from band 7 and band 8 acquired on 22 May 2009 are shown in Figure 3 . Although the revisit cycle of HJ-1B is four days, we can obtain two available images over a two-day period because study area is covered in the overlapping region of the two images photographed in different tracks. 
Ground Reference Data
Because it is difficult to obtain reliable ground truth data to evaluate forest fire detection performance, researchers often use ancillary remote sensed data [20, 21] or smoke plumes from high-resolution images [22] to verify forest fire products. In this study, we obtained ground-based data using visual image interpretation. We made a false color composite image (Figure 4a ) using band 7, band 6, and band 5 of the IRS data to serve as a primary reference. The HJ-1B CCD images (Figure 4b ) and the official MODIS active fire products (MOD14A1) (Figure 4c ) were also referenced. MOD14A1, which offers global daily active fire detections at a 1-km resolution, were downloaded from the Level 1 and Atmosphere Archive and Distribution System (LAADS) website [23] . The ground reference data are shown in Figure 5 . The active fire can be found in the four satellite images acquired on 28 April, 29 April, 3 May, and 11 May. The HJ-1B/IRS data used in this paper include 13 images acquired in 2009. The data were downloaded from the China Centre for Resources Satellite Data and Application website [17] . The temporal distribution of the images is shown in Figure 2 , and two BT images from band 7 and band 8 acquired on 22 May 2009 are shown in Figure 3 . Although the revisit cycle of HJ-1B is four days, we can obtain two available images over a two-day period because study area is covered in the overlapping region of the two images photographed in different tracks. 
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Methodology

Contextual Algorithm
Before presenting our proposed spatio-temporal model, we will begin with an introduction to the contextual method. The spatial contextual method combines a series of absolute threshold tests to identify cloud, water and potential fire pixels. It then uses contextual tests to identify fires among the potential fire pixels. Finally, it uses additional algorithms to filter out false positives. Two contextual tests (Equations (1) and (2)) are among the key parts of the method. They attempt to predict the background BT of a potential fire pixel by calculating the average intensity of the valid neighboring pixels in a window. The valid neighboring pixels are defined as those pixels that: (i) contain usable observations; (ii) are located on land; (iii) are not cloud-contaminated; and (iv) are not background fire pixels [8] . The mean absolute deviation is also used to detect fire in the thresholds.
(1)
where ∆T = T 7´T8 ; T 7 and T 8 denote BTs from band 7 and band 8 for the inspected pixel, respectively; µ 7 and ∆µ denote the mean values of T 7 and ∆T of valid neighboring pixels, respectively; δ 7 and ∆δ denote their mean absolute deviations; and λ 1 and λ 2 are learning parameters that determine the thresholds. Additional details on the implementation of the contextual algorithm for HJ-IRS data are given in [24] .
Overview of the Improved Algorithm
As with the spatial contextual algorithm, the forest fire detection algorithm proposed in this study includes four major steps: data preprocessing, cloud masking, potential fire pixel judgment, and relative fire pixel judgment based on STM. A STM method workflow is illustrated in Figure 6 . 
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where ΔT = T7 − T8; T7 and T8 denote BTs from band 7 and band 8 for the inspected pixel, respectively; μ7 and Δμ denote the mean values of T7 and ΔT of valid neighboring pixels, respectively; δ7 and Δ δ denote their mean absolute deviations; and λ1 and λ2 are learning parameters that determine the thresholds. Additional details on the implementation of the contextual algorithm for HJ-IRS data are given in [24] .
Overview of the Improved Algorithm
Data Preprocessing
The preprocessing procedure for the IRS images includes the following processes. (I) Resampling: Because the pixel resolution of the band 8 IRS images is 300 m, whereas the resolutions of the three other (band 5, band 6, band 7) are 150 m, we converted band 8 to 150 m by nearest-neighbor resampling, which assigns the digital number of the closest input pixel to the corresponding output pixel; (II) Geometric calibration: The image acquired on 1 April was chosen as the reference image, and the other images were corrected using geometric calibration with a correction error of 0.5 pixels or less; (III) Cutting out the region-of-interest (ROI): A 90ˆ90 km 2 square region (600ˆ600 pixels for HJ-IRS) was chosen as the validation site. A ROI between 48˝11 1 49.0"N and 49˝0 1 45.0"N latitude and 127˝57 1 41.8"E to 129˝10 1 39.4"E longitude covered the entire fire zone in the Yinanhe forest; (IV) Reflectance calculation and brightness temperature inversion: This process was used to convert the digital number (DN) values to radiances, reflectance and BTs. According to the absolute radiometric calibration tests conducted by the China Centre for Resources Satellite Data and Application, the DN values for bands 5 were converted to radiance values using Equation (3), whereas the DN values for bands 7 and 8 were converted to radiance values using Equation (4). The radiances for band 5 were converted to reflectance using Equation (5) . The radiances for bands 7 and 8 were converted to BTs using Equation (6), which was derived using Planck's law.
where L is the radiance, DN is the observed value, g is the gain coefficient, and b is the offset, which we obtained from the data item description of HJ-1B. In Equation (5), R is the reflectance, ds is the distance between the earth and the sun, E is the mean solar spectral irradiance, and θ is the solar zenith angle. In Equation (6), T is the brightness temperature, λ is the center wavelength, and C 1 and C 2 are constants whose values are 3.741775ˆ10´2 2 Wm 3¨µ´1 and 0.0143877 mK, respectively, according to [25] .
Cloud Masking
In the STM method, the cloud-contaminated pixels usually have a negative effect on the anomaly detection results. It was therefore necessary to remove the cloud-covered pixels from the IRS images. Clouds have strong reflectivity in NIR band and low BTs in LWIR band. The following Equations are the rules for extracting clouds [26] :
where R 5 is the reflectance in band 5, and T 8 is BT in band 8 of the IRS image. The pixels that satisfied both conditions were masked off as clouds.
Potential Fire Pixel Judgment
MWIR band of HJ-IRS is sensitive to BT changes and can be used to eliminate obvious non-fire pixels. According to [24] , a pixel is identified as a potential active fire pixel if the BT of band 7 meets the criterion T 7 > 325 K in the daytime. In our study, the HJ-1B satellite passing time was approximately 10:30 a.m.
Relative Fire Pixel Judgment Based on STM
In the contextual algorithm, potential fire pixels whose observed BT values were significantly different from the background intensities (predicted BT values) were considered to be actual fire points. Thus, the background BT prediction played an important role in the fire detection. The mean value of the valid neighboring pixels was regarded as the background intensity in the contextual algorithms. However, it was occasionally difficult to use that value to indicate the characteristics of the background because of spatial heterogeneity. For example, the mean value in frame t 3 ( Figure 7 ) cannot be taken as the background intensity of the question mark because 15 is a better choice than 30 according to the data distribution in frames t 1 and t 2 . It is obvious that the strong correlations between the center grid and its neighboring grids in frames t 1 and t 2 are helpful for predicting the background intensity of the center grid in frame t 3 . the criterion T7 > 325 K in the daytime. In our study, the HJ-1B satellite passing time was approximately 10:30 a.m.
In the contextual algorithm, potential fire pixels whose observed BT values were significantly different from the background intensities (predicted BT values) were considered to be actual fire points. Thus, the background BT prediction played an important role in the fire detection. The mean value of the valid neighboring pixels was regarded as the background intensity in the contextual algorithms. However, it was occasionally difficult to use that value to indicate the characteristics of the background because of spatial heterogeneity. For example, the mean value in frame t3 ( Figure 7 ) cannot be taken as the background intensity of the question mark because 15 is a better choice than 30 according to the data distribution in frames t1 and t2. It is obvious that the strong correlations between the center grid and its neighboring grids in frames t1 and t2 are helpful for predicting the background intensity of the center grid in frame t3. Spatial heterogeneity is a common phenomenon in remote sensing images. Figure 8 shows the BT changes of an inspected pixel and its neighboring pixels over time. The size of each image is 21 × 21, and we had 441 time series with lengths of 13 frames. The correlation coefficients between the inspected time series and the neighboring time series are shown in Figure 9 . The mean of the correlation coefficients was 0.8021, which indicates a high correlation. Thus, a spatio-temporal model can be built using the correlation relationship between the pixels to predict the background intensity with multi-temporal images. Spatial heterogeneity is a common phenomenon in remote sensing images. Figure 8 shows the BT changes of an inspected pixel and its neighboring pixels over time. The size of each image is 21ˆ21, and we had 441 time series with lengths of 13 frames. The correlation coefficients between the inspected time series and the neighboring time series are shown in Figure 9 . The mean of the correlation coefficients was 0.8021, which indicates a high correlation. Thus, a spatio-temporal model can be built using the correlation relationship between the pixels to predict the background intensity with multi-temporal images.
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Background BT Prediction
In the proposed model, let SC t n " tT t n pi, jq|lx´l ď i ď lx`l, ly´l ď j ď ly`l, i ‰ lx, j ‰ lyu be the spatial context of pixel plx, lyq, where p2l`1qˆp2l`1q is the window size, pi, jq is the index of a pixel in the image, and T t n pi, jq represents the BT value at pixel pi, jq in the image acquired at time t n . The spatial relationship between T t n plx, lyq and each of its neighboring pixels in SC t n is simply defined by the following equation:
where n " 1, 2, . . . , N, and N is the number of images used in the fire detection algorithm. The spatial relationship is updated using
where f t n is the spatial relationship computed by Equation (9) in the n-th image, F t 1 pi, jq " 1, pi, jq P SC t n , and ρ 1 is a learning parameter that controls the weights of the images acquired at different time points. In particular, the spatial relationship between the inspected pixel and its neighboring pixels is only decided by its previous image when ρ 1 " 1, and the previous one does not contribute to the spatial relationship calculation when ρ 1 " 0. In STM, an ideal hypothesis is that the spatial relationship remains unchanged over time. The spatial relationship of the current pixel should be decided by all of the previous images to meet this requirement. Thus, ρ 1 should not be larger than 0.5. To obtain satisfactory fire pixels detection results, ρ 1 " 0.25 is a good choice. The background BT can then be computed by
where T 1 t n plx, lyq is regarded as the background BT at time t n . For the first image (n = 1), the mean value of the valid neighboring pixels is regarded as the background BT. Importantly, the pixels in the background BT calculation must be valid. In this study, the valid neighboring pixels were defined as those that: (i) contained usable observations; (ii) were not contaminated by clouds; and (iii) were not background fire pixels.
Integration of Spatial and Temporal Information
For single-date fire detection methods, a temperature anomaly is the variation between a particular temperature and the average temperature for its neighboring pixels (Equation (1)) because the fire produces a local increase in temperature above that of the neighboring pixels. However, it is hard to obtain enough valid neighboring pixels when there is a large fire, and the window size must be large enough for high-resolution images. For multi-temporal images, a pixel that has a BT significantly higher than the values in previous moments will also be regarded as a fire pixel (Figure 10) . Therefore, to compare the inspected pixel's BT with its previous BTs, we added additional temporal information to STM by assigning different weights to multi-temporal images (Equation (12)). In addition, the mean absolute deviation varied tempestuously in different images, which resulted in instability in the forest fire detection results. To obtain a more robust result, we also added different weights to the calculation of the mean absolute deviation (Equation (13)). In summary, the approach was based on a change detection scheme that detects signal anomalies by utilizing the spatio-temporal domain of the HJ-IRS data.
where ' ( , ) n t T lx ly is regarded as the background BT at time n t . For the first image (n = 1), the mean value of the valid neighboring pixels is regarded as the background BT.
Importantly, the pixels in the background BT calculation must be valid. In this study, the valid neighboring pixels were defined as those that: (i) contained usable observations; (ii) were not contaminated by clouds; and (iii) were not background fire pixels.
For single-date fire detection methods, a temperature anomaly is the variation between a particular temperature and the average temperature for its neighboring pixels (Equation (1)) because the fire produces a local increase in temperature above that of the neighboring pixels. However, it is hard to obtain enough valid neighboring pixels when there is a large fire, and the window size must be large enough for high-resolution images. For multi-temporal images, a pixel that has a BT significantly higher than the values in previous moments will also be regarded as a fire pixel (Figure 10) . Therefore, to compare the inspected pixel's BT with its previous BTs, we added additional temporal information to STM by assigning different weights to multi-temporal images (Equation (12)). In addition, the mean absolute deviation varied tempestuously in different images, which resulted in instability in the forest fire detection results. To obtain a more robust result, we also added different weights to the calculation of the mean absolute deviation (Equation (13)). In summary, the approach was based on a change detection scheme that detects signal anomalies by utilizing the spatiotemporal domain of the HJ-IRS data. 
where δ t n`1 is the mean absolute deviation of T t n`1 pi, jq P SC t n`1 , µ t 1 " T 1 t 1 , and S t 1 " δ t 1 . We used the mean absolute deviation instead of the standard deviation because the mean absolute deviation is more resistant to outliers than the standard deviation [8] . ρ 2 is a learning parameter that controls the different weights of the multi-temporal images. This parameter should not be too small; reasonable values range from 0.85 to 0.95. In this paper, we choose ρ 2 " 0.9.
Relative Fire Pixel Judgment
In this study, we used the BT from band 7 and the difference in the BTs from band 7 and band 8 to detect the forest fire. The background BTs from band 7 and band 8 were predicted using Equation (11), and the absolute deviation was calculated using Equation (13) . For a potential pixel to be classified as a true fire pixel, it should satisfy the following Equations:
∆T t n plx, lyq ą ∆µ t n`λ2ˆ∆ S t n (15) where ∆T t n plx, lyq " T 7t n plx, lyq´T 8t n plx, lyq; ∆µ t n " µ 7t n´µ 8t n , T 7t n plx, lyq and T 8t n plx, lyq are the observed BTs from band 7 and band 8 for pixel plx, lyq in the image acquired at time t n , respectively; µ 7t n and µ 8t n are the weighted background BTs calculated using Equations (11) and (12), respectively; S 7t n and ∆S t n are calculated using Equation (13) with mean absolute deviations of T 7t n pi, jq and ∆T t n pi, jq, respectively; and λ 1 and λ 2 are learning parameters that can be calibrated to control the detection results. For comparison, we chose λ 1 " 3 and λ 2 " 3.5, as defined in [24] . Figure 3 displays the images of the observed BTs from band 7 and band 8 on 22 May. We used these images to evaluate the quality of the background intensity predictions (goodness of fit). As mentioned previously (Section 3.2.4), we obtained the background values of the observed images using STM, which had been built using previous images. We first updated the spatial relationship using valid pixels in previous images. We then calculated the mean value as the background value of the inspected pixel using Equation (11) . In this study, the size of the window was 21ˆ21. For comparison, we obtained the background BTs of this image by averaging the neighboring pixels with the same window size. This processing can be regarded as an application of simple mean filtering. The predicted BT images are shown in Figure 11 , which can be compared to the observed images in Figure 3 .
Results and Discussion
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The HJ-IRS image acquired on 22 May was cloud free, and there was no fire in this image. Thus, the typical example image can be regarded as an actual background measurement. Figure 12 shows the frequency histograms of the background predictions and the actual background measurements from band 7 and band 8. From Figure 11 , it is obvious that the background BT images acquired using STM were closer to the real BT images than those obtained by averaging the neighboring pixels, which is adopted in the Figure 12 . Frequency histograms of the background BT predictions and the actual BTs measurements from band 7 (a) and band 8 (b). "BT" denotes the actual background BT measurements, "ST" denotes the background BTs predicted using STM, and "MF" denotes the background BTs predicted by averaging the neighboring pixels.
From Figure 11 , it is obvious that the background BT images acquired using STM were closer to the real BT images than those obtained by averaging the neighboring pixels, which is adopted in the contextual algorithm. The histograms in Figure 12 also show that the distribution of the background BT images predicted by STM and the actual BT images were more consistent. More accurate background BT predictions lead to more satisfactory forest fire detection results. Therefore, the prediction process in the STM method is more suitable for forest fire detection. The method produced good prediction results primarily because the spatial relationship defined in STM eliminated the spatial heterogeneity between the inspected pixel and its valid neighboring pixels. In addition, the spatio-temporal model adapted to the multi-temporal remote sensing images because the spatial relationship was updated over time.
Accuracy of Forest Fire Detection
We applied the STM method and the contextual algorithm to the Yinanhe forest fire detection. The ground truth data discussed in Section 2.3 were used to evaluate the fire detection result. In the STM method, the size of window was 21ˆ21. In our comparison, we used a series of contextual and absolute-threshold tests to detect the active fire pixels in every IRS image. The optimized selection of the valid neighbors and the window size was implemented as described in [24] . For the sake of comparison, the contextual algorithm used the same cloud masking method proposed in Section 3.2.2.
The maps (Figure 13 ) below show the STM method and contextual algorithm results. We used the ground truth data as references to compare the accuracies of the STM method results with those of the contextual algorithm results ( Table 2 ). The commission errors and omission errors were calculated for each image.
absolute-threshold tests to detect the active fire pixels in every IRS image. The optimized selection of the valid neighbors and the window size was implemented as described in [24] . For the sake of comparison, the contextual algorithm used the same cloud masking method proposed in Section 3.2.2.
The maps (Figure 13 ) below show the STM method and contextual algorithm results. We used the ground truth data as references to compare the accuracies of the STM method results with those of the contextual algorithm results ( Table 2 ). The commission errors and omission errors were calculated for each image. Herein, the commission error is the fraction of the wrongly detected fire pixels with regard to the extracted fire pixels, and the omission error is the fraction of fire pixels that were not detected with regard to the real fire pixels. The commission error is the inverse of the user's accuracy, whereas the omission error is the inverse of the producer's accuracy. According to Table 2 , the STM method omission errors were obviously lower than those of the contextual algorithm. However, the STM method commission errors were slightly higher than those of the contextual method because the STM method detected more fire pixels. The overall omission error was 5.56%, which means that when the STM method was used, 3925 of 4158 fire pixels were correctly detected, at the same time, the overall commission error was 9.91%, which means that 399 "normal" pixels were wrongly detected as forest fire pixels. In reality, the detection result was satisfactory for the HJ-IRS data.
Taking into consideration the fitting quality and detection accuracy, the STM method as proposed in this study performed better than the contextual fire detection algorithm, which was confirmed in the Yinanhe forest fire detection example. As introduced in Section 3.2.4, the good detection results were primarily due to the following reasons: (i) a more accurate background intensity prediction; and (ii) the integration of the spatial contextual information and temporal information.
Strengths and Limitations of the STM Method
The STM method has some remarkable advantages. First, the background BT prediction is more accurate and robust than the contextual algorithm. The spatial heterogeneity has little effect on the forest fire detection result in STM. By using the STM, the algorithm is able to provide a satisfactory result in complex scenes. Second, the STM method takes full advantage of spatial contextual information and temporal information. The use of temporal information of the earth surface development is helpful for anomaly detection, which makes it possible for STM to detect more active fire pixels especially for small fire pixels.
Moreover, a powerful competitive advantage of the STM method is that the window size has little influence on the measurement accuracy, whereas the window size is crucial in contextual tests. When there is a large fire and the image has a high-resolution, such as that of the HJ-IRS data, a "cavity" often appears in the detection area ( Figure 14) in contextual tests. The primary reason is that there are not a sufficient number of valid neighboring pixels to predict background intensities with a limited window size. In addition, larger window sizes often result in a larger amount of calculations and problems of spatial heterogeneity. In our contrast experiments, there was not a cavity in the contextual detection result because the contextual tests included an absolute fire pixel judgment, which eliminated the "cavity".
Regarding the spatio-temporal model, a potential fire pixel is regarded as a true fire pixel if the observed BT is higher than its neighboring pixels or its previous BTs. In other words, the relative fire pixel judgment is not only decided by the characteristics of the neighboring pixels but also by its previous characteristics. The integration of spatial contextual and temporal information allows the STM method to take full advantage of the two characteristics. In addition, background BTs calculated in the spatio-temporal domain are more robust, which can also mitigate the influence of the window size. Therefore, there were not "cavity" phenomena in the STM method results. A satisfactory result can be obtained using a small quantity of valid neighboring pixels in the STM method. This finding is verified in Figure 15 . We can see that there is no positive connection between the number of fire pixels and the window size. Although the commission and omission errors decreased slowly with window size, small window sizes can lead to satisfactory results. In particular, we chose 21ˆ21 as the optimal window size in this study because the omission error was smallest, and the commission error was acceptable when the window size was 21ˆ21.
Regarding the spatio-temporal model, a potential fire pixel is regarded as a true fire pixel if the observed BT is higher than its neighboring pixels or its previous BTs. In other words, the relative fire pixel judgment is not only decided by the characteristics of the neighboring pixels but also by its previous characteristics. The integration of spatial contextual and temporal information allows the STM method to take full advantage of the two characteristics. In addition, background BTs calculated in the spatio-temporal domain are more robust, which can also mitigate the influence of the window size. Therefore, there were not "cavity" phenomena in the STM method results. A satisfactory result can be obtained using a small quantity of valid neighboring pixels in the STM method. This finding is verified in Figure 15 . We can see that there is no positive connection between the number of fire pixels and the window size. Although the commission and omission errors decreased slowly with window size, small window sizes can lead to satisfactory results. In particular, we chose 21 × 21 as the optimal window size in this study because the omission error was smallest, and the commission error was acceptable when the window size was 21 × 21. The STM method has two major limitations. (I) Historical images are required to initialize the model before the STM method is used for forest fire detection. If there are too many noisy pixels in the images, the modeling results could be unsatisfactory; (II) The remote sensing images used by the STM method should be acquired at approximately the same time of day. The comparison of multitemporal images that are acquired at different times of day, especially for day and night, is meaningless. The STM method has two major limitations. (I) Historical images are required to initialize the model before the STM method is used for forest fire detection. If there are too many noisy pixels in the images, the modeling results could be unsatisfactory; (II) The remote sensing images used by the STM method should be acquired at approximately the same time of day. The comparison of multi-temporal images that are acquired at different times of day, especially for day and night, is meaningless.
Conclusions
A new forest fire detection approach based on STM has been described in this paper. The major novelties of this method lie in considering the correlations between the inspection pixel and its neighboring pixels and updating the spatial relationship defined in the model over time. STM can mitigate the adverse impacts of spatial heterogeneity on the prediction of background intensities by using the strong correlations between pixels. What is more, the integration of spatial contextual information and temporal information makes it a more robust model for anomaly detection.
To evaluate the performance of the proposed method, a case study was conducted to detect fire pixels in the Yinanhe forest. The results indicated that the STM method was capable of detecting forest fire pixels with a producer's accuracy of 90.09% and a user's accuracy of 94.45% when applied to HJ-IRS images. The STM method was also compared with the contextual algorithm. The comparison results suggested that the STM method performed better for background BT prediction and achieved comparable detection accuracies. In addition, the STM method was also more robust in terms of the selection of the window size.
However, the STM method was only tested during the fire season. Its performance throughout the year has not been verified. To improve the validation process, future work should be dedicated to conducting careful and quantitative validations of the STM method in different regions and seasons.
